Abstract We develop and estimate a full information maximum likelihood ordered categorical response model with endogenous switching. Simulation exercises show that estimated parameters are unbias and consistent. And application to Internet access indicates that there are selection and moral hazard.
P. Trivedi (2006) use latent factor structure for a class of nonlinear, non-normal microeconometric model of treatment and outcome with selection. Their specification permits both negative and positive correlations, although it places bounds on the correlation. uses the copula approach to estimate a selectivity model to health care usage. However, the copula also places restrictions on the pattern of allowable correlations. use simultaneous equations methods, including discrete factor estimation, to test the effect of medicare HMOs on utilization when strong controls for selection bias are imposed. use moment conditions to built...
The rest of the paper is organized as follows. Section (2) describes the model. Section (3) presents the simulations exercises. Section (4) shows an application on Internet Access and Section (5) concludes.
The model
We present an extension of the Roy model or standard switching regression model with endogenous switching 1 where the observed outcomes are ordered categorical responses.
We define the ordered response endogenous switching model as follows. A latent variable y * 1 determines whether the outcome observed is y 2 or y 3 . Specifically, we observe whether y * 1 is positive or negative,
And observe exactly one of y 2 or y 3 according to
where,
y * 2 and y * 3 are latent variables.
Given (1) and (2), for y 1 = 1 we observe y = y 2 = j, with probability equal to the probability that y 1 = 1 times the conditional probability of y 2 = j given that y 1 = 1. Thus for y 2 = j the density is f (y 2 = j|y 1 = 1) f (y 1 = 1), j = 1, 2, . . . , m. For y 1 = 0 we observe y = y 3 = k, with probability equal to the probability that y 1 = 0 times the conditional probability of y 3 = k given that y 1 = 0, then the density is f (y k = k|y 1 = 0) f (y 1 = 0),k = 1, 2, . . . , m.
The joint density for one observation can be written as
where
and
Assumption 1 We assume that the latents variables are linear in regressors with additive erros, i.e. y * 1 = x T 1 β 1 + ε 1 , y * 2 = x T 2 β 2 + ε 2 and y * 3 = x T 3 β 3 + ε 3 .
Assumption 2
The correlated errors are joint normal
For the ordered response model with endogenous switching we use the following propositions.
Proposition 1 Given (6) then the errors have the following form: ε 2 = σ 12 ε 1 + ξ 2 , where ξ 2 ∼ N (0, σ 2 2 − σ 2 12 ), and the random variable ξ 2 is independient of ε 1 . And ε 3 = σ 13 ε 1 + ξ 3 , where ξ 3 ∼ N (0, σ 2 3 − σ 2 13 ), and the random variable ξ 3 is independient of ε 1 .
See and .
Proposition 2 Suppose z ∼ N (0, 1) and c a constant cutoff. Then the left-truncated moments of z are
See Appendix (6.1).
Theorem 3 Given assumptions (1) and (2) 
Theorem 4 Given assumptiosn (1) and (2) 
is the inverse Mills ratio.
Observe that whether σ 12 = σ 13 = 0, there is not selection effect based on unobservable variables, and we obtain standart ordered Probit model. See Appendix (6.3).
Assumption 5
We consider estimation given a sample (y 1i , y 2i , y 3i , x 1i , x 2i , x 3i ), i = 1, 2, . . . , N, where we assume independence over i.
Given the density (3) and the assumption (5) then the log-likelihood function is
Differentiating with respect to the parameters of the model we can get the Full Information Maximum Likelihood Estimators (FIMLE).
Theorem 6 Given assumptions (1) and (2) then the Average Treatmen Effect is
See Appendix (6.3).
Simulation exercises
We will now present a simulation exercise to show some properties of unbiasedness and consistency asociated to model estimation ( (11) and (12)) by maximizing the likelihood. Differencial Evolution (DE) is used to provide maximum likelihood estimation. We have fixed parameter values β 1 , β 11 , β 2 , β 22 , β 3 , β 33 , σ 2 2 ,σ 2 3 , σ 12 , σ 13 and we simulate errors ε 1 , ε 2 and ε 3 for obtain responses y * 1 , y * 2 and y * 3 . The support of the covariates was fixed: 80, 150] . And different sample size was evaluated: n = 50, 200, 400, 1000. From figure 1 we show the algorithm employed for parameter estimation.
Model Specification
. . , m, α 3,0 = −∞ and α 3,m = ∞. y * 1 = x 1 β 1 + x 11 β 11 + ε 1 ; y * 2 = x 2 β 2 + x 22 β 22 + ε 2 ; y * 3 = x 3 β 3 + x 33 β 33 + ε 3 . Fig. 1 Algorithm to estimate θ = (β 1 , β 11 , β 2 , β 22 , β 3 , β 33 , σ 2 2 , σ 2 3 , σ 12 , σ 13 , α 2, j−1 , α 2, j , α 3,k−1 , α 3,k ). NS = 100 is the number of simulations.
The simulation exercises was performed in the R software through DEoptim package. For attempt to speed up convergence rate, we have vectorized and parallelized all code. The machine characteristic from the simulation exercises was run are as follows: DEll PowerdEdge 2950, 8 processors Intel EM64T, 4 GB of RAM and Linux/GNU Centos 5.4 operating system. (11) and (12) and their estimation under different simulation scenaries. We can observe that when the sample size grows, the parameters estimation is better in the sense that parameters estimated seems to be near of the real or fixed values.
Assessment of the estimation quality
For evaluation of the estimation quality for the model parameters ( (11) and (12)), we have measured the relative error which is defined in the expression (13):
In the simulation process we have obtained several values of the parameters estimated under different simulated samples (see diagram 1), then we have defined a average relative error:
From the table 2 we show the average relative error for the parameters estimated. We can see that the relative error decreases when the sample size grows, which makes sense with the properties of unbiased and consistency. We have performed an application of the model 1 and 2 with data from Medellin Living Standars Survey (ECV/2007). We take the State Health as the response variable which has three levels (1: bad health, 2: good health, 3: excellent health). As covariates we have taken the gender (Male:1, Female:0), the age, the socioeconomic stratum which has six levels (Stratum1: Under-Lower stratum, Stratum2:Lower stratum, Stratum3:Medium-Low strata, Stratum4: Average strata, Stratum5: Medium-High strata, Stratum6: High), health care spending, other household expenses, and whether perform or not physical exercise (1:yes, 0:no). As endogenous switching we take whether an individual is covered or uncovered by Subsidized Regimen (1:covered, 0:uncovered). 
Conclusion
We have developed an ordered categorical response model with endogenous switching, and we have shown through simulation exercises that its estimators are consistent, because when the sample size grows the estimated parameters tend to be near the real or fixed values. We have employed Evolution Strategy (ES) for maximizing the likelihood, and it has shown that is a good method because it does not need initial points for the parameters, but it needs a lot of computer time to perform its searches. From the application for State Health we can see that there are selection and moral hazard.
Proof Given a random variable z ∼ N (0, 1) then 
Appendix 3
Proof of theorems (4) and (6).
Proof f (y 2 = j|y 1 = 1) = P(y 2 = j|y 1 = 1) = P(α 2, j−1 < y * 2 α 2, j |y * 1 > 0) = P(α 2, j−1 < x T 2 β 2 + ε 2 α 2, j |x T 1 β 1 + ε 1 > 0) = P(α 2, j−1 − x T 2 β 2 < ε 2 α 2, j − x Where the mean and variance of the randon variable ε 2 given ε 1 > −x T 1 β 1 will be E(ε 2 |ε 1 > −x 
